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1 Introduction
This article reports on the impact evaluation study of
the Rural Microenterprise Finance Project (RMFP) in
the Philippines. RMFP aimed to support efforts of
the Government of the Philippines to strengthen
rural financial institutions by assisting organisations
that employed the Grameen Bank Approach (GB) in
providing credit to the poor. The objective of the
project was to reduce poverty, create employment
opportunities, and enhance the incomes of the
poorest of the rural poor (the ultra poor) – the
bottom 30 per cent of the rural population – as
measured by income. Rural banks, cooperative rural
banks, cooperatives, thrift banks and non-
governmental organisations (NGOs) participated in
the nationwide implementation of the project,
which ended in December 2002.
2 Framework, survey design and data, and
estimation procedure
2.1 Framework for assessing impact on households
The key problem in evaluation is finding a valid
counterfactual against which the treatment group is
compared. The gold standard in impact evaluation is a
randomised experiment where treatment and
control groups are randomly determined. Since this
study was conducted ex post, i.e. evaluating an
already completed project, it could not employ a
randomised experiment. 
Moreover, the study also did not have the benefit of
baseline data. Hence, the evaluation uses a one-time
survey, employing a quasi-experimental pipeline design
as used by Coleman (1999) in his study of microfinance
in Thailand. The design is summarised in Table 1. Each
‘treatment’ barangay (village) is matched to a different
‘comparison’ barangay.1 The importance of having a
different barangay rather than say a new centre in the
same barangay has been explained in Coleman (1999).
The treatment barangays are those where the
Grameen Bank Approach Replicators (GBAR)
programme, particularly lending, have been going on
for some time. The comparison barangays, on the
other hand, are expansion areas where programme
clients have been identified and organised into groups
but no loans have yet been released to them. In both
the treatment and comparison barangays an equivalent
number of qualified but non-participating households
were also interviewed. 
The innovation introduced in the study, not used by
Coleman, is the inclusion in the group of client
households, former clients consisting of graduates,
and problem households. This was designed to
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Table 1 Evaluation strategy: type of household respondent
Type of households (HH)/area ‘Treatment’ (existing) area ‘Comparison’ (expansion) area
Participating HH (A1) Existing clients (C) New clients
(A2) Former clients (graduates; 
problem clients)
Non-participating HH (B) Qualified non-participating (D) Qualified non-participating
address the attrition/dropout problem in using new
clients as a comparison group, i.e., the new client
group included would-be graduates and future
problem clients (Karlan 2001).
From Table 1, impact is given by the expression: 
(1) Impact = (A-B)-(C-D) 
This is also known in the literature as the difference-
in-difference (DID) method. To see how the DID
method generates a clean measure of impact, the
cells in Table 1 can be filled by the factors that
determine outcomes for each of the different
household clients. This is shown in Table 2.2
The new clients will not have the impact of the
microfinance programme because, even if they have
already been identified as prospective clients, they
have not yet received loans. Non-participating
households will neither have the effect of
unobservable characteristics affecting participation
nor the impact of the microfinance programme
because they have not participated in the
programme. A process of elimination will explain
why the DID method described earlier will give the
desired estimate of the impact of the microfinance
programme. The expression (A-B) will give the net
effects of unobserved characteristics affecting
participation plus the microfinance impact.
Incidentally, this also highlights the effect of not
controlling for sample selection bias. The expression
(C-D), on the other hand, will give the net effect of
the unobserved characteristics affecting participation.
Thus, (A-B)-(C-D) will yield the net effect of the
microfinance programme. It is noteworthy that if we
don’t enumerate non-participating households and
compare existing and new clients, (A-C) will give us
the effect of the microfinance programme plus the
difference between the treatment area and
comparison area effects which need not be identical,
particularly if programme placement is not random.
Finally, if the treatment group does not include the
appropriate number of former clients (graduates and
problem) the impact of both the observable
characteristics and the unobservable characteristics
will be different for the existing and new clients as
well. This is called the attrition/dropout bias.
The DID strategy described above is implemented in a
regression framework. The advantage of using the
regression framework is that it can account for the
differences in household and community characteristics
which can happen even with a well-designed sampling
scheme in a quasi-experimental design. Specifically, the
following equation was estimated:
(2) Yij = F (β1Xij + β2Vj + β3Mij + β4Tij + εij)
where:
Yij = household outcome of interest
Xij = household characteristics
Vj = village characteristics
Mij = membership dummy; 1 if participant in
existing and expansion areas; 0 otherwise
Tij = treatment variable; 1 (or >0) if participant in
treatment area3
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Table 2 Evaluation strategy: factors determining outcomes
Type of households (HH)/area ‘Treatment’ (existing) area ‘Comparison’ (expansion) area
Participating HH (A) (C) 
? Observable characteristics ? Observable characteristics
? Unobservable characteristics ? Unobservable characteristics 
affecting participation affecting participation
? Area attributes (T) ? Area attributes (C)
? Microfinance programme
Non-participating HH (B) (D)
? Observable characteristics ? Observable characteristics
? Area attributes (T) ? Area attributes (C)
The F() function can be linear or non-linear
depending on the nature of the dependent variable
of interest. This expression is identical to the
formulation in Coleman (1999), and Montgomery
(2005) had employed a nearly identical evaluation
strategy. As argued in Coleman (1999) and
Armendariz de Aghion and Morduch (2005),
conditional on the other regressors, the coefficient
of Tij (ß4) measures the impact of microfinance
operations on household outcomes Yij. Wooldridge
(2002) provides a discussion of the assumptions
required for this result to extend to specific non-
linear cases such as binary and corner solution
responses.
This specification covers the three known sources of
bias in evaluating the impact of microfinance services
using new members as a comparison group. Control
for non-random programme participation or sample
selection is provided by using a membership dummy
M (Coleman 1999). The literature (e.g. Coleman 1999,
and Armendariz de Aghion and Morduch 2005) has
amply shown that not controlling for sample
selection results in biased estimates of the impact of
microfinance services. Non-random programme
placement, on the other hand, is controlled by village
characteristics Vj or fixed effects estimation
(Khandker 1998). Finally, dropout bias is controlled for
by including in the treatment group an appropriate
number of randomly selected households who had
dropped out of the programme (both for reasons of
graduation and problems with repayments) as
recommended in Karlan (2001). 
2.2 The survey 
The survey requires two types of areas. First,
treatment areas or existing areas are defined as areas
where the programme, particularly lending, has been
ongoing for some time. In particular, existing clients
considered for the survey are those who have been
with the programme for at least three years or have
availed themselves of loans for at least five loan
cycles. This is designed to capture the impact of the
subject project, i.e. the RMFP, the implementation
of which was completed in 2002. Second, a
corresponding set of expansion areas is defined as
areas where prospective programme clients have
been identified and organised into groups but no
loans have yet been released to them. A suitable
expansion area should be one that is different from
an existing area. In particular, a new centre in a
treatment area does not qualify as an expansion area. 
The sampling design utilised the implementation
structure of the RMFP. Participating microfinance
institutions (MFIs) submit regular reports to the
executing agency (EA) – the People’s Credit and
Finance Corporation (PCFC). The records of the
PCFC provide the number of clients actually served
by each MFI at the barangay level. There was no
comprehensive record on expansion areas. While
most of the participating MFIs claimed to have
expansion areas, a check with a few of the MFIs,
however, revealed that some did not have the
suitable expansion areas needed by the study. The
sampling then used the list of existing barangays as
the sampling frame. 
The sampling scheme considered the three island
groups (Luzon, Visayas, Mindanao) and the type of
MFI (cooperative banks/rural banks, cooperatives, and
NGOs) as stratification variables. Based on existing
programme records, it was determined that the
most practical primary sampling unit (PSU) is the
barangay. It was also determined, based on the
estimates of the mean and variance of incomes from
the Family Income and Expenditures Survey (FIES) in
2003, that a sample size of 2,200 households was
sufficient for the study. For each barangay a sample
of 10 client and 10 non-participating households was
deemed sufficient. At this sampling rate per
barangay, about 110 barangays or 55 treatment
(existing) barangays, and 55 corresponding
comparison (expansion) barangays will be required to
generate the needed sample size.
The number of barangays for each island and for each
MFI type is selected randomly proportional to the
number of client households served – or sampling
proportional to size (PPS). For every treatment
barangay selected, the MFI concerned is asked to
identify a corresponding suitable expansion area. The
selection of a particular treatment barangay for
inclusion in the survey is contingent on the MFI
being able to identify a corresponding suitable
expansion barangay. When the MFI cannot identify a
suitable expansion barangay, the treatment barangay
is replaced with a new draw from the pool of
treatment barangays for the same MFI type. This
process is repeated until the required number of
treatment-expansion barangay pairs are generated
for each of the MFI types. The existing and new
client households are drawn randomly from the list
prepared by the MFI or from the centres’ roster of
members. The non-participating households are
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drawn randomly from the list of qualified non-
participating households identified by MFI field
personnel, centre or barangay leaders.4
The total number of borrowers by island group and
MFI type as of 30 June 2006 is given in Table 3. The
corresponding allocation of the treatment barangays
by island group and by MFI type is also given in the
table. The survey covered 2,276 households in 116
barangays and 28 MFIs.
Three survey instruments were used in the study.
One is the household survey questionnaire. The
questionnaire is adopted from the Annual Poverty
Indicators Survey (APIS) questionnaire conducted by
the National Statistics Office. Added to the APIS
questions are the detailed questions on loan
accounts, enterprises, and gender-related matters.
Another instrument is the Barangay Profile
Questionnaire. Finally, there is the MFI Profile
questionnaire. These instruments were pre-tested
prior to the actual field surveys. 
2.3 Estimation procedure
The estimation methodology considers the nature of
the dependent variable and the treatment variable. It
follows closely the estimation procedures described
in Wooldridge (2002) for estimating the average
treatment effects. Before discussing the estimation
procedures, it is useful to discuss the nature of the
treatment variables and the outcome variables
considered in the study. 
Outcome variables: Several outcome variables are
considered in the study, namely: (a) basic household
welfare measures such as per capita income, per
capita expenditures, per capita savings, and food
expenditures; (b) other financial transactions such as
other (non-GBA) loans and personal savings stocks;5
(c) household enterprises and employment; (d)
household assets such as land, farm equipment,
livestock and poultry, and household appliances; and
(e) human capital investments such as education and
health. Some of these variables are continuous such
as per capita income, expenditure, savings, food
expenditure, health expenditure per capita, and
education expenditure per attending child. Others
are binary such as having a savings account and
taking up a non-GBA loan. Others are truncated
such as the value of household assets and other
loans. Others are count variables such as the number
of non-GBA loans, number of enterprises, and the
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Table 3 Sampling allocation by island group and type of MFI
Island group Total no. of borrowers % Treatment barangays
Grand total 1,648,052 100 55
Luzon 797,194 48 28
Banks 485,984 61 18
Coops 70,461 9 2
NGOs 240,749 30 8
Visayas 419,123 25 13
Banks 67,125 16 2
Coops 69,046 16 2
NGOs 282,952 68 9
Mindanao 431,735 26 14
Banks 331,097 77 10
Coops 41,331 10 2
NGOs 59,307 14 2
Total 1,648,052 100 55
Banks 884,206 54 30
Coops 180,838 11 6
NGO 583,008 35 19
Source PCFC.
number employed in those enterprises. Finally,
others are proportions such as the proportion of
school-age children attending school or proportion
of those who are sick and sought treatment. Each of
these different types of dependent variable requires
different estimation methodology. 
Treatment variables: There are four possible
treatment variables that can be used to assess the
impact of microfinance on household welfare. These
are: (1) take-up of programme loan (1=yes,
0=otherwise); (2) number of months the programme
is available to the barangay (based on first loan
released for the barangay); (3) value of loans
(cumulative total amount of loans) taken up; and
(4) number of loan cycles. The length of exposure to
the programme is expected to have an impact.
Therefore treatment variables (2)–(4) are deemed
better in representing programme availability
(Coleman 1999). It should be realised, however, that
these treatment variables have different implications
for estimation. For instance, perhaps only the first
two satisfy the ignorability of treatment condition
for treatment variables.6 Treatment variables (3) and
(4) would fail the ignorability condition and would
thus require instrumental variable estimation
(Wooldridge 2002). 
Other independent variables: The other independent
variables used in the control functions are similar to
those used in existing literature (e.g. Coleman 1999;
Montgomery 2005). These include household
characteristics such as age of the reference person
(a.k.a. household head) or respondent; education of
the reference person;7 number of years in the
barangay, and house size. Age is expected to be a
factor because it is well known that the age-earning
profile is not flat. Education, of course, is a known
determinant of both earning capacity and productivity
in non-market (home) production. The number of
years in the barangay is a proxy for social capital.
House size is a proxy for household wealth.8 This is
used because, among the household assets in the
data, this is presumed to be the least volatile. For
education and health equations, the variables
indicating availability of relevant facilities are also
added as explanatory variables.
Estimation method: The general estimation
methodology can be labelled as a control function
approach. This approach uses other independent
variables as elements of some control function in
addition to the treatment variable. The functional
form of the control function depends on whether
the outcome of interest can be modelled linearly or
not. For outcomes that can be modelled linearly (i.e.
y=xβ) such as continuous variables, the elements of
the control function include the other independent
variables, such as household characteristics, and the
interaction of the treatment variable and the
demeaned values of the other independent variables.
For linear models, the coefficient of the treatment
variable provides the estimate of the DID average
treatment effect. For outcomes that require non-
linear models (i.e. y=F(xβ)) such as probit for binary
outcomes, tobit for truncated outcomes or poisson
for count outcomes, Wooldridge (2002)
recommends that a propensity score method is more
appropriate. Under this method the propensity score,
which is the predicted value of the regression of the
treatment variable on the other independent
variables, and the product of the treatment variable
and the demeaned values of the estimated
propensity score are the elements in the control
function. In non-linear models, the DID average
treatment effect is given by the marginal effects of
the treatment variable measured at the average
values of the independent variables subject, of
course, to satisfying the required assumptions. Note
that the correction for sample selection is taken care
of by the inclusion of a membership dummy among
the explanatory variables. To take care of non-
random programme placement, fixed effects
estimation is used.9 However, in general, fixed effects
estimation will result in inconsistent estimates when
a non-linear model is estimated (Wooldridge 2002).
Thus, for these models, random effects estimation
was used. Admittedly, random effects estimation is
more restrictive than fixed effects because it imposes
a structure on the village effects. This is, however,
considered better than the inconsistent estimates
from fixed effects estimation with non-linear
models. Finally, as mentioned earlier, the nature of
the treatment variable also determines the
estimation procedure. When the ignorability of
treatment cannot be assumed (such as those for
treatment variables (3) and (4)) instrumental variables
(4) estimation is used (Wooldridge 2002). For lack of
better instruments, we will use treatment variable
(2)10 as the instrument for all estimations using (3)
and (4). The validity of the treatment variable (2) as
an instrument emanates from the fact that whatever
loans existing clients are able to get, as well the
number of loan cycles, are both dependent on the
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number of months the programme is available in the
area. In addition, this variable is determined by the
MFI and is not within the control of the households. 
3 Estimation results
3.1 Respondent characteristics and outreach
When RMFP was completed on 31 December 2002,
618,906 clients were reached, of whom 97 per cent
were women. When the survey design was being
formulated in June 2006, records of the PCFC
showed that the programme had served some
1.6 million borrowers. The survey showed that existing
clients are, on average, on their 75th month in the
programme (about 6 years and 3 months) (Table 4).
They have each, on average, cumulatively taken up
some PhP (Philippine pesos) 70,000 (US$1,600) in
loans and they are on their 7th loan cycle. It is also
revealed that, on average, 9 per cent of existing clients
are problem clients while 2 per cent are graduates.
Table 5 shows the demographic characteristics of all
respondent households. It shows that the respondents
are 44 years old on average. 15 per cent of the
reference persons11 are female. In terms of education,
below 1 per cent have no education, 31 per cent have
some elementary education, 46 per cent have some
secondary education and 23 per cent have tertiary
education. The respondents have lived in the barangay
for about 19 years on average and the average size of
the house is 63 square metres. About 92 per cent of
the respondents are female. Since, for existing clients,
the respondents are the programme clients, one can
say that programme clients are 95 per cent female.
Table 6 shows the basic household welfare indicators.
Using the official poverty threshold in 2006,12 the
table also shows that only 10 per cent of the
respondents are poor while 4 per cent are subsistence
poor.13 This is quite revealing considering that the
programme was designed to reach poor households.
Given the intention of the programme to serve poor
households, the natural question to ask is, ‘is the
programme reaching its intended target?’. To answer
this question the distribution of the difference
between the respondents’ per capita income and the
official poverty threshold was plotted. As such, a value
of zero would mean the household is on the poverty
line, a negative value would mean the household is
below the poverty line and a positive value would
mean the household is above the poverty line. Figures
1–3 show the histograms of the deviation of per capita
income from the poverty threshold for existing
clients, new clients, and non-participating
households. The histograms reveal that while a large
proportion of the respondents are around the
poverty threshold more are on the non-poor side.
If one considers only existing clients, the histogram
shows that while a considerable proportion of the
existing clients are around the poverty threshold, a
larger proportion is on the non-poor side (Figure 1).
One can argue that perhaps when they entered the
programme they were poorer than they are at the
time of the survey. If one, however, looks at the
profile of the new clients, one sees essentially the
same distribution, i.e., larger proportions are on the
non-poor side (Figure 2). Finally, the non-
participating households, which are households that
people in the community consider to be qualified for
the programme, also exhibit the same characteristics,
i.e. most of them are not poor (Figure 3). These
graphs reveal some very important pieces of
information about the programme. One, since
existing and new programme clients are supposed to
have been screened using means-testing procedures,
these procedures, assuming they have been applied
strictly, are not correctly identifying the poor clients
per official definition. Two, since non-participating
households are households referred to by either
programme field personnel, centre leaders, or
barangay leaders as those who would qualify for the
programme, these stakeholders in the field are also
pointing out possible clients that are not the
intended clients of the programme. This means that,
in spite of the means-testing instruments used to
identify the intended clients, all relevant stakeholders
of the programme in the field are not pointing to
the intended clients – the poor – as the qualified
clients of the programme. This may indicate that
perhaps the stakeholders are suggesting that those
considered as officially poor may not be the desired
clients of microfinance programmes.
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Table 4 Characteristics of existing clients
Characteristics Values
Months since first loan 75.2
Total amount of loans, thousands 69.923
No. of loan cycles 7.2
Existing, % 89.1
Graduate, % 2.1
Problem, % 8.8
Source Operations Evaluation Mission.
3.2 Estimation results – impact of microfinance
Impact on per capita income, expenditure, savings, and
expenditure on food
The primary measures of household welfare are, of
course, per capita income, expenditure, and food, as
well as savings. These variables are continuous,
hence, the estimation procedures use linear fixed-
effects model. The control function variables include
other independent variables, such as household
characteristics, and the interaction of the treatment
variable with the other independent variables
(expressed as mean deviations). As mentioned in
Section 3.3, four treatment variables can be used in
the study, namely: (1) took up programme loan (1=yes,
0=otherwise); (2) number of months the programme
is available to the barangay (based on first loan
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Table 5 Demographic characteristics of respondent
Variables Existing Areas Expansion Areas Total
Partici- Non- Sig. Partici- Non- Sig.
pating partici- pating partici-
pating pating
Age of reference 47 43 *** 43 44 44
person (rp)
Female, rp 0.146 0.140 0.127 0.197 *** 0.153
Less than elem, rp 0.008 0.009 0.009 0.004 0.007
Elementary, rp 0.337 0.273 * 0.293 0.347 0.312
Secondary, rp 0.442 0.452 0.484 0.442 0.455
Tertiary, rp 0.214 0.266 * 0.214 0.207 0.225
Years in barangay 21.2 17.6 *** 17.6 18.0 19
House size, sq.m. 75.7 65.9 * 59.4 51.2 *** 63
Female, respondent 0.953 0.926 0.905 0.911 0.923
Source Operations Evaluation Mission.
Table 6 Basic welfare indicators of respondents
Variables Existing Areas Expansion Areas Total
Partici- Non- Sig. Partici- Non- Sig.
pating partici- pating partici-
pating pating
Per capita income 51,000 45,365 * 43,737 43,456 45,759
Per capita expenditure 36,153 34,357 30,674 31,898 33,195
Per capita savings 1 14,847 11,007 ** 13,064 11,558 12,564
Per capita savings 2 18,425 14,508 ** 15,454 14,210 15,580
Per capita food exp. 13,708 13,115 12,540 13,145 13,113
Poor \a 0.60 0.110 *** 0.093 0.120 0.097
Subsistence poor \b 0.025 0.042 0.032 0.054 0.039
***, **, * significant at 1%, 5% and 10% respectively; two-tailed hypothesis
Per capita savings 2 recognises that the benefits of expenditure on education, health and durable furniture
extends beyond the current reference period. 
Source Operations Evaluation Mission.
 0
.1
.2
.3
.4
F
ra
ct
io
n
0
=
th
re
s
h
o
ld
2
0
,0
0
0
1
0
0
,0
0
0
2
0
0
,0
0
0
D e v ia t io n  o f  in c o m e  f ro m  p o v e rty  th re s h o ld
E x is tin g  C lie n ts
D is tr ib u t io n  o f s a m p le  h o u s e h o ld s  a ro u n d  p o v e r ty  l in e
 
0
.1
.2
.3
F
ra
c
ti
o
n
0
=
th
re
s
h
o
ld
2
0
,0
0
0
1
0
0
,0
0
0
2
0
0
,0
0
0
D e v ia t io n  o f  in c o m e  f r o m  p o v e r ty  t h r e s h o ld
N e w  C l ie n ts
D is t r ib u t io n  o f  s a m p le  h o u s e h o ld s  a r o u n d  p o v e r ty  l in e
 
0
.1
.2
.3
F
ra
ct
io
n
0
=
th
re
sh
o
ld
2
0
,0
0
0
1
0
0
,0
0
0
2
0
0
,0
0
0
D e v ia tio n  o f  in c o m e  f ro m  p o v e r ty  th re sh o ld
Q u a lifie d  N o n -P a rtic ip a tin g
D is tr ib u tio n  o f s a m p le  h o u s e h o lds  a ro u n d  p o v e rty lin e
Kondo et al. Impact of Microfinance on Rural Households in the Philippines58
Source Operations Evaluation Mission.
Source Operations Evaluation Mission.
Source Operations Evaluation Mission.
Figure 1 Distribution of sample existing client households around the poverty line
Figure 2 Distribution of sample new client households around the poverty line
Figure 3 Distribution of sample qualified non-participating households around the poverty line
New clients
Existing clients
Qualified non-participating
released for the barangay); (3) value of loans
(cumulative total amount of loans) taken up and
(4) number of loan cycles. Estimation results show
that among the four, only the take-up of programme
loan treatment variable proved to be significant and
this is only true for per capita income, per capita
consumption, and per capita food consumption, and
not for the two savings definitions. The F-test on
whether the fixed-effects coefficients are all equal
to zero is rejected, which lends support to the
hypothesis of non-random programme placement.
Table 7 shows the summary of the impact of take-up
of programme loans on per capita income and per
capita expenditures, on two definitions of per capita
savings and per capita food expenditures. The table
shows a slightly statistically significant (significance level
10 per cent) positive impact on per capita income of the
take-up of programme loan treatment variable. The
other treatment variables did not show significance
even at the 10 per cent level. The estimated parameter
says take-up of programme loan means higher income
by about PhP5,222 (US$120) compared to those who
have not taken up loans. Translating this into impact per
loan taken requires some calculation. The dependent
variable is the average annual per capita income.
Considering that on average households have taken up
a cumulative PhP70,000 (US$1,600) in loans in six
years or about PhP11,000 (US$250) per year, this
means that for every PhP100 (US$2.30) loan taken up,
income increased by PhP47 (US$1.00). 
Table 7 further shows that per capita expenditure is also
positively affected by access to programme loans. The
estimate puts this at about PhP4,136 (US$95). Using
the same calculation employed earlier this would mean
PhP38 (US$0.88) increase in per capita consumption
per every PhP100 (US$2.30) loan taken up. 
These estimates of the impact on income and
consumption are higher than the well-known
estimate of 18 per cent (Pitt and Khandker 1998) and
10 per cent (Khandker 2003). Of course, both used
consumption as the dependent variable. Zeller et al.
(2001), using data also from Bangladesh, generated
similar higher estimates of the impact – an annual
average of about 37 per cent – with per capita income
as the dependent variable. They used access to credit,
rather than loans, as the treatment variable. They
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Table 7 Impact on per capita income, expenditures,
savings, food
Outcome variables Estimated Sig. level
coefficient
Per capita income 5,222 0.099
Per capita expenditures 4,136 0.077
Per capita savings 1\a ns
Per capita savings 2\b ns
Per capita food exp. 1,333 0.072
a=Income–Expenditure
b=Income–Expenditure+Educ.+Health+Dur. Funiture
Source Operations Evaluation Mission.
Table 8 Non-GBA loans
Variables Existing Areas Expansion Areas Total
Partici- Non- Sig. Partici- Non- Sig.
pating partici- pating partici-
pating pating
Took up non-GBA loans 0.201 0.261 ** 0.258 0.268 0.248
Among those with non-GBA loans:
Amount of other loans, 20.335 17.754 8.776 12.357 14.328
thousands
Number of other loans 1.648 1.263 *** 1.179 1.151 1.280
***, **, * significant at 1%, 5% and 10% respectively; two-tailed hypothesis
Source Operations Evaluation Mission.
have explained the difference by noting that in using
access to credit rather than loans they have captured
not only the benefits of loans but also other indirect
benefits. These might include the reduced cost of
consumption-smoothing (such as decrease in fire sale)
and an increase in risk-bearing capacity favouring
more profitable production and investment portfolios.
Of course, it should be noted that the precision of
the estimates is lower in this study.
Savings, in its two definitions,14 is not significantly
affected. Finally, per capita expenditure on food is
also positively affected. The estimate is about
PhP1,333 (US$30) higher compared to those who
did not take up programme loans or about PhP12
(US$28) per every PhP100 (US$2.30) loan taken up.
Since only the loan availability/access treatment
variable was found to be statistically significant on
primary measures of welfare, such as per capita
income and expenditure, subsequent discussions will
be limited to this treatment variable.
Impact on other loans and personal savings
Besides household income and expenditures, it is also
important to look at the impact of the programme
on the other financial transactions of the household,
such as other loans and maintaining a savings
account. The savings referred to here are accounts
maintained in the programme MFI and other MFIs
and thus can be considered stock rather than the
flow savings variable discussed earlier.
About one-fourth of the respondents have taken up
non-GBA loans in the last two years (Table 8). About
20 per cent of existing clients have taken up non-
GBA loans while a higher proportion (26 per cent) of
new clients and non-participating households have
taken up non-GBA loans. The amount of non-GBA
loans, however, is higher for existing clients
(PhP20,000, US$461) than for new clients
(PhP9,000, US$208) and non-participating
households (PhP17,000 and PhP12,000, US$392 and
US$277 respectively). In terms of the number of
loans contracted, the existing clients have a higher
number (1.6) compared to new (1.2) and non-
participating households (1.2). 
To determine the impact of the programme on the
financial transactions of households, models are
estimated with respect to three variables: (a) take-up
of non-GBA loans; (b) amount of these other loans;
and (c) number of loans transacted. The take-up of
non-GBA loan decision was estimated as a binary
choice using the probit model. The amount of non-
GBA loans decision was estimated as a truncated
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Table 9 Impact on non-GBA loans
Marginal Sig. 
effects level
Took up non-GBA loans -0.0530 0.056
Amount of non-GBA loans ns
Number of non-GBA loans ns
Source Operations Evaluation Mission.
Table 10 Saving accounts in the programme and other MFIs
Variables Existing Areas Expansion Areas Total
Partici- Non- Sig. Partici- Non- Sig.
pating partici- pating partici-
pating pating
Have personal savings account 0.859 0.535 *** 0.657 0.521 *** 0.637
Among those with personal savings:
Personal savings 1–5,000 0.653 0.652 0.794 0.663 0.697
Personal savings 5,000–10,000 0.181 0.154 0.128 0.139 0.149
Personal savings 10,000+ 0.166 0.194 0.078 0.198 *** 0.154
***, **, * significant at 1%, 5% and 10% respectively; two-tailed hypothesis
Source Operations Evaluation Mission.
variable using the tobit model. Finally, the number of
non-GBA loans transacted was estimated as a count
variable using Poisson regression. All of these are
non-linear models. Thus, as mentioned in 3.3, the
control function uses the propensity score method.
The results show that the treatment variable – take-
up of programme loan – is significant in the take-up
of non-GBA loan variable and insignificant in the
amount and number of non-GBA loans contracted.
Table 9 provides the summary of the estimates of
the impact on non-GBA loans. The estimates show
that availability of programme loans significantly,
albeit marginally (significance 6 per cent), reduced
the use of non-GBA loans. The estimated coefficient
shows that compared to non-programme
respondents the non-GBA loans contracted in the
last two years was reduced by about 5 per cent.15 As
mentioned earlier, in terms of loan amount and the
number of non-GBA loans contracted, however, the
impact is statistically insignificant.
In terms of personal savings16 (stocks), about two-
thirds of the respondents maintain personal savings
accounts either in the programme or non-
programme MFIs (3.10). This is higher for existing
clients (86 per cent) than for new clients (66 per
cent) and non-participating (54 per cent and 52 per
cent) households. In terms of balances, about 70 per
cent of households have PhP1–5,000 (US$115), 15 per
cent have PhP5,000–10,000 (US$230) and the
remaining 15 per cent more than PhP10,000.
To determine the impact of the programme on
personal savings, models of the decision to maintain
a savings account and the balances of those accounts
were developed. The decision to maintain a savings
account is estimated as a probit model while the
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Table 11 Impact on savings in the programme and other MFIs
Marginal effects Sig. level
Have personal savings 0.230 0.000
Amount of personal savings
0–5,000 -0.124 0.003
5–10,000 0.038 0.001
10,000 0.086 0.005
Source Operations Evaluation Mission.
Table 12 Household enterprises and employment
Variables Existing Areas Expansion Areas Total
Partici- Non- Sig. Partici- Non- Sig.
pating partici- pating partici-
pating pating
With household enterprise 0.926 0.777 *** 0.871 0.779 *** 0.836
Among those with 
household enterprise:
Total no of enterprises 2.07 1.63 *** 1.82 1.63 *** 1.79
Employed family members 2.31 1.62 *** 1.68 1.66 1.82
Employed non-family 
members 0.63 0.78 0.68 0.33 0.61
Total employed 2.95 2.40 ** 2.36 2.00 2.43
***, **, * significant at 1%, 5% and 10%, respectively; two-tailed hypothesis
Source Operations Evaluation Mission.
modelling for the savings balances uses an ordered
probit model considering the three ordered
categories of savings balances mentioned earlier.
Again these are non-linear models so the propensity
score method was used for the control function. The
results show that both maintaining personal savings
accounts and the amount of balances are
significantly affected by taking up programme loans.
Table 11 shows the summary of the estimation results
indicating that the impact of the programme is
positive and highly statistically significant (significance
less than 1 per cent) in terms of both having a
personal savings account and on the amount of
savings. The estimates show that, of those who have
maintained savings accounts, clients who have taken
up programme loans exceed non-programme clients
by as much as 23 per cent. In terms of the amount
of savings, the proportion of programme clients with
PhP0–5,000 is lower by 12 per cent, those with
PhP5–10,000 higher by 4 per cent and those with
more than PhP10,000 higher by 9 per cent than
those who did not take up programme loans. 
Impact on the number of enterprises and employment
Another important impact of microfinance is what it
does to the enterprises the respondent households
are engaged in. The survey asked respondents about
the enterprises and employment in these enterprises
of programme clients as well as other household
members. 
Table 12 shows that about 93 per cent of the existing
client respondents have household enterprises. This is
higher compared to new clients (87 per cent) and
non-participating households (78 per cent). Among
those with household enterprises, the number of
enterprises per household is about 1.8 and the total
number of employed people is about 2.4. For
existing clients, this is about 2.1 enterprises
employing about 3 individuals. For new clients, this is
about 1.8 enterprises employing 2.4 individuals. For
non-participating households in treatment and
expansion areas, this is 1.6 enterprises employing 2.4
and 2.0 individuals, respectively.
Since substitutions can happen between programme
clients’ enterprises and those of other household
members, the analysis is focused only on total
enterprise and total employment. The modelling of
the number of enterprises and number of employees
considered these variables as counts which were
estimated using Poisson regression. Since this is a
non-linear model, the propensity score method was
used for the control function. The estimation results
show that the take-up of programme loans
significantly affected the number of enterprises
households have as well as the number of employees
in these enterprises.
The estimates show that the impact of the
programme on both the number of enterprises as
well as the number of employed persons in these
enterprises is a very significant positive. Table 13
shows that compared to non-programme
households, the number of enterprise households
with programme clients is higher by 20 per cent.17
The table also shows that households with
programme clients have 17 per cent more employed
persons than non-programme clients.
Impact on assets
It is very likely that microfinance will affect
household acquisition of assets. The respondent
households were asked about the current value of
their assets. The standard question asked about
assets is ‘if someone wanted to buy a particular
owned asset, what would the price be?’. The assets
include land, equipment, livestock and poultry, and
household amenities. 
Table 14 shows that about 20 per cent of the
respondents have land assets with an average
current value of PhP557,000 (US$12,850). It also
shows about 15 per cent of the respondents own
farm equipment with an average current value of
PhP55,000 (US$1270). About 53 per cent of the
respondents have livestock and poultry assets with
an average current value of PhP46,000 (US$1,060).
Finally, almost all (97 per cent) have some household
appliances with a current value of PhP73,000
(US$1,680).
The value of total assets per household was
estimated as a truncated variable (having only positive
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Table 13 Impact on enterprises and employment
Incidence rate Sig. Level
Total no of enterprises 1.20 0.009
Total no of employees 1.17 0.006
Source Operations Evaluation Mission.
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Table 14 Household assets
Variables Existing Areas Expansion Areas Total
Partici- Non- Sig. Partici- Non- Sig.
pating partici- pating partici-
pating pating
With agriculture and comm. land 0.198 0.179 0.231 0.231 0.190 0.199
Among those with ag. and comm. land:
Agri. and commercial land, curr. value 468,338 581,081 580,559 590,688 557,332
With farm equipment 0.117 0.124 0.194 0.167 0.151
Among those with farm equipment:
Farm equipment, curr. value 27,588 34,108 110,645 24,885 55,365
With livestock and poultry 0.586 0.490 *** 0.565 0.472 *** 0.527
Among those with livestock and poult:
Livestock and poultry, curr. value 20,419 18,556 83,484 58,183 46,028
With household appliances 0.981 0.973 0.968 0.958 0.970
Among those with household appliances:
Household appliances, curr. value 59,547 66,689 121,606 44,252 73,311
***, **, * significant at 1%, 5% and 10%, respectively; two-tailed hypothesis
Source Operations Evaluation Mission.
Table 15 Education outcomes
Variables Existing Areas Expansion Areas Total
Partici- Non- Sig. Partici- Non- Sig.
pating partici- pating partici-
pating pating
With children 6–12 years old 0.502 0.499 0.576 0.472 *** 0.512
Among those with children 6–12:
Proportion attending school, 6–12 0.970 0.959 0.944 0.927 0.950
With children 13–16 years old 0.416 0.345 ** 0.393 0.326 ** 0.369
Among those with children 13–16:
Proportion attending school, 13–16 0.881 0.915 0.869 0.817 0.871
With children 17–24 years old 0.490 0.372 *** 0.426 0.439 0.430
Among those with children 17–24: 0.344 0.319 0.306 0.278 0.312
Educ. exp. per school age child 5,931 6,301 4,615 4,525 5,312
Educ. exp. per attending child 8,241 8,313 6,300 6,128 7,239
***, **, * significant at 1%, 5% and 10%, respectively; two-tailed hypothesis
Source Operations Evaluation Mission.
values) using a tobit model. In fact, as Table 14 shows,
a substantial proportion of households do not have
specific assets. Since this is a non-linear model, the
propensity score method was used for the control
function. The estimations did not show significant
impact of the programme on total household assets. 
Impact on human capital investments (education and
health)
Any change in income or expenditure does not
necessarily translate into changes in human capital
investments. The education variables examined are
school attendance of school-age children (6–12 years,
13–16 years, and 17–24 years) as well as the education
expenditure per school-attending child. For health, the
variables examined are the proportion of household
members who are ill or injured, the proportion of
those ill or injured who sought medical treatment, the
proportion of children 0–5 years who are fully
immunised, and per capita health expenditures. 
Table 15 shows that about 95 per cent of children
6–12 years old, 87 per cent of children 13–16 years,
and 31 per cent of children 17–24 years old are
attending school. It also shows that the average
expenditure per attending school-age child is about
PhP7,239 (US$167). In terms of health indicators,
Table 16 shows that the proportion of either sick or
injured in the 6 months preceding the survey is
about 9 per cent. The proportion of households with
at least one ill/injured member is about 23 per cent.
The proportion of those ill/injured who sought
treatment is 69 per cent. The proportion of children
0–5 years old who are fully immunised is about
69 per cent. The average per capita expenditure for
health is about PhP740 (US$17). 
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Table 17 Hunger and reduced food consumption incidence
Variables Existing Areas Expansion Areas Total
Partici- Non- Sig. Partici- Non- Sig.
pating partici- pating partici-
pating pating
Hunger incidence 0.023 0.032 0.019 0.014 0.017
Reduced food incidence 0.113 0.124 0.110 0.105 0.107
Table 16 Health outcomes
Variables Existing Areas Expansion Areas Total
Partici- Non- Sig. Partici- Non- Sig.
pating partici- pating partici-
pating pating
Proportion of members ill/injured 0.097 0.072 0.101 0.091 0.090
With illness/injured members 0.255 0.181 *** 0.269 0.213 ** 0.229
Among those ill/injured members:
Proportion who seek treatment 0.700 0.685 0.696 0.657 0.686
With children 0–5 years old 0.323 0.430 *** 0.444 0.394 0.399
Among those with children 0–5 years old:
Proportion fully immunised 0.717 0.666 0.719 0.659 0.689
Per capita medical exp. 645 954 560 791 740
***, **, * significant at 1%, 5% and 10%, respectively; two-tailed hypothesis
Source Operations Evaluation Mission.
Two types of variable were considered in modelling
the impact of the programme on education variables,
namely: (a) proportion of school-age children
attending school and (b) expenditure per attending
child. The proportion of school-age children attending
school was used in order to be closer to the notion
of a household decision variable.18 With a proportion
as a dependent variable, the fractional logit model19
was used to estimate it. In the case of expenditure
per attending child this was estimated using a linear
fixed-effects model because this is a continuous
variable. In terms of the control function, the
fractional logit model, being a non-linear model, used
propensity scoring while the expenditure per
attending child used the interaction between the
treatment variable and the demeaned values of the
other independent variables. The estimation results
show that take-up of a programme loan is not
significant for school attendance for any age group
nor for expenditure per attending child. 
In the case of health, four variables were used,
namely: (a) proportion ill or injured, (b) proportion
who seek treatment if ill or injured, (c) proportion of
fully immunised children 0–5 years old, and (d) per
capita medical expenditures. Similar to the treatment
of the school attendance variables, variables (a) to (c)
were modelled as proportions using a fractional logit
model. Per capita medical expenditures, on the other
hand, were modelled as a continuous variable using
linear fixed-effects. The results show that take-up of
a programme loan does not significantly affect all
health variables under consideration. 
Impact on hunger incidence and reduction in food
consumption
Hunger incidence as well the reduction in food
consumption in the last three months was likewise
studied. Table 17 shows that hunger incidence is
about 2 per cent in the respondent population.
Reduction in food consumption over the last three
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Table 18 Impact on household outcome by per capita income 
Per Capita Income Per Capita Per Capita Per Capita Per Capita Food
Expenditure Savings 1 Savings 2 Expenditures
Coeff. Sig. Lev. Coeff. Sig. Lev. Coeff. Sig. Lev. Coeff. Sig. Lev. Coeff. Sig. Lev. 
Quartile 1 -23,214.0 0.000 -9,459.7 0.007 -13,754.2 0.000 -14,567.2 0.000 -3,476.9 0.002
Quartile 2 -13,903.1 0.001 -6,752.6 0.034 -7,150.6 0.006 -7,680.6 0.005 -1,508.5 0.164
Quartile 3 -1,212.2 0.764 1,849.6 0.548 -3,061.8 0.228 -3010.6 0.251 1,382.1 0.159
Quartile 4 -45,113.7 0.000 23,915.6 0.000 21,198.1 0.000 23,928.6 0.000 6,659.9 0.000
Coeff. = Coefficients, Sig. Lev. = Significance Level
Source Operations Evaluation Mission.
Table 19 Distribution of average loan size by per capita income quartile
Quartile Mean cumulative loans Total number of cycles Average loan size (P’000)
(P’000)
Lowest 45,031 6.1 7,392
Lower middle 57,540 6.9 8,280
Upper middle 64,290 7.1 9,087
Highest 99,168 8.2 12,166
Total 69,923 7.2 9,721
Source Operations Evaluation Mission.
months, on the other hand, is found in 11 per cent of
the respondent households.
Hunger incidence was modelled as a binary outcome
using the probit model. Since this a non-linear
model, the propensity score method was used for
the control variables. The estimation results show
that take-up of a programme loan did not
significantly affect the incidence of hunger. 
Impact by different socioeconomic groups
The evaluation of the programme was also designed
to test whether the impact of access to microcredit
differed across socioeconomic groups. While the
poor/non-poor distinction is useful, a better picture
is given by dividing the sample households into per
capita income quartiles. There are a couple of ways
of estimating the impact on different subgroups.
One is estimating a separate equation for each
subgroup. Another is to jointly estimate the impact
in a single equation using the interaction of subgroup
and treatment variables, i.e., using the coefficient of
the interaction between the availability treatment
variable and corresponding quartile dummy variables
to measure the impact for each quartile. Orr (1997)
argues that the latter approach has two advantages:
(1) it usually provides more power because it uses the
full sample to estimate the coefficients; and (2) it
allows one to test whether there are statistically
significant differences in impact among the
subgroups taken as a set (rather than between pairs
of subgroups). Given these considerations, the joint
estimation method was adopted for this study. The
survey respondents were divided into four quartiles,
i.e., those (1) with annual per capita incomes less than
PhP21,480 (US$496); (2) PhP21,481–34,428
(US$794); (3) PhP34,429–56,167 (US$1,296); and
(4) over PhP56,167. For comparative purposes, it is
useful to mention that the poverty line in the
Philippines is equivalent to an annual per capita
income of PhP14,405 (US$332) and for rural
households this is PhP13,659 (US$315).20
The results show that the programme had a
regressive impact. A significant positive impact was
evident only for the households in the top quartile
while there was a negative impact on the poorer
households. For instance, per capita income for the
participating households in the poorest quartile was
PhP23,000 (US$530) lower than for the non-
participating households. However, the impact for
the top quartile was positive and resulted in a
PhP45,000 (US$1,040) increase in annual income
compared with the non-participating households in
the same income group. The results were similar for
per capita expenditure, savings, and food expenditure.
It is worth noting that the impact on savings is
significant for all except the third quartile in contrast
to the insignificant impact for the whole sample.
There are several possible reasons why the impact on
the lower-income households is lower (or negative).
These include: (1) the problem clients are
concentrated among the poorer households; (2) the
average size of loans may be smaller for poorer
households; (3) there may be a tendency among
poorer households to divert loan proceeds from
production to consumption; and (4) if there is no
diversion, the projects of poorer households may be
less productive. In this study, there is empirical
evidence only for (1) and (2). 
Indeed, the average loan size for poorer households
is smaller (Table 19). This prevents them for venturing
into more productive activities that would require
more capital. Table 20 shows that there are more
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Table 20 Distribution of type of client by per capita income quartile (%)
Quartile Existing Graduates Problem New Non-Participating Total
Lowest 14.96 0.55 2.37 27.01 55.11 100
Lower Middle 18.43 0.54 2.68 26.30 52.06 100
Upper Middle 21.34 0.54 2.17 27.49 48.46 100
Highest 27.50 0.36 0.89 21.61 49.64 100
Total 20.59 0.50 2.03 25.59 51.31 100
Source Operations Evaluation Mission.
problem clients among the bottom three quartiles.
While the average proportion of problems in the
sample is about 2 per cent, the bottom three
quartiles each have a little over 2 per cent problem
clients while the highest per capita income quartile
group only had less than 1 per cent problem clients. 
The regressive relationship provides further evidence
that microfinance projects should not target the
ultra poor. Additional debt may make their lives
worse, not better. Coleman (2006), using data from
Thailand, qualified the earlier ‘no significant impact
on consumption’ result in Coleman (1999) with a
positive impact for the centre leaders, who are also
the more well-off segment of the membership. The
insignificant impact on poorer members was
confirmed. On the other hand, Hulme and Mosley
(1996) – using data from Indonesia, India, Bangladesh,
and Sri Lanka – found a positive impact on income
on average but, like Coleman (2006), also found a
larger impact for the better-off members. Thus, the
regressive result of this study is consistent with some
of the findings reported in the literature. This
indicates that among poorer borrowers, the
availability of microcredit loans is not sufficient to
ensure that the ultra poor invest in sufficiently
productive activities to generate the income
necessary to repay the loans and earn some profit. 
It can be argued that the use in the preceding
analyses of income quartiles to determine the impact
across socioeconomic grouping may be problematic
because income is affected by the treatment
variable.21 To avoid the endogeneity problem, we re-
estimated the above equations using the education
attainment of the reference person – which is
known to be directly related to socioeconomic status
and is presumably acquired prior to the programme.
The summary of estimation results is given in Table
21. The results substantially replicated the regressive
impact. While the table shows that, for those with
elementary education at most, the impact on per
capita income is negative, this is not statistically
significant. But the impacts for those with secondary
and elementary education are significantly positive
and rising with higher educational attainment.
4 Summary, conclusion and recommendations
The study used a quasi-experimental design (from
Coleman 1999) to control for non-random
programme participation and fixed-effects
estimation to correct for non-random programme
placement. In addition, it included former clients to
correct for non-random attrition/dropout problems
which were not considered in the original Coleman
(1999) design. It also used recommended estimation
procedures for estimating average treatment effects
described in Wooldridge (2002). 
The survey results indicate that a majority of the
existing clients, new clients, and non-participating
households deemed qualified for the programme are
not poor according to the official definition. This is in
sharp contrast to the other studies which indicated
that the majority of microfinance programme clients
are poor. Khandker (2003), for instance, indicates that
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Table 21 Impact on household outcome by education status of reference person
Education Per Capita Per Capita Per Capita Per Capita Per Capita Food
status Income Expenditure Savings 1 Savings 2 Expenditures
Coeff. Sig. Lev. Coeff. Sig. Lev. Coeff. Sig. Lev. Coeff. Sig. Lev. Coeff. Sig. Lev. 
At most -5,864 0.154 -1,511 0.619 -4,353 0.083 -4,904 0.060 -45 0.962
elementary
grade
Secondary 9,727 0.009 7,302 0.009 2,425 0.288 3,521 0.138 1,567 0.074
At least 9,805 0.034 4,206 0.218 5,600 0.047 6,353 0.030 2,254 0.037
some tertiary
Coeff. = Coefficients, Sig. Lev. = Significance Level
Source Operations Evaluation Mission.
90 per cent of the microfinance programme
participants in Bangladesh in the 1991/92 survey and
70 per cent in the 1998/99 survey are poor.
Montgomery (2005) found that 70 per cent of
microfinance clients of the Khushhali Bank in Pakistan
are poor. Given these findings there is a need to re-
examine the targeting approach of the microfinance
implementers in the Philippines. It could be that the
targeting approaches have the potential to identify
the desired clients but that these are just not
implemented strictly enough. Another factor that
needs to be looked at is whether there is enough
motivation for the implementers to seek out poor
clients. These have important implications for the
design of microfinance programmes.
The impact of the availability of programme loans on
per capita income is shown to be positive and
marginally significant. This is also true for per capita
total expenditure and per capita food expenditure.
But it was also found that this impact is regressive,
that it is negative or insignificant for poorer
households and becomes only positive and increasing
with richer households. This negative or insignificant
impact for poorer households and positive impact for
richer households provides some explanation for the
slight significance of the coefficient for the total
sample. It is worth mentioning that this is not the
only study that found a regressive impact. Coleman
(2006), using data from Thailand, qualified the earlier
‘no significant impact on consumption’ result in
Coleman (1999) with the finding of a positive impact
for the centre leaders (the richer segment of the
membership) and the finding that the insignificant
impact is confined to poorer members. Hulme and
Mosley (1996) using data from Indonesia, India,
Bangladesh and Sri Lanka, on the other hand, found
positive impact on income on average but, in
addition, like Coleman (2006) also found larger
impact for better-off members. Thus the regressive
result of this study may not be entirely surprising but
is certainly disturbing. This indicates that among
poorer borrowers the cost of and availability of
programme loans appears to be insufficient to
stimulate them to select more productive activities
that will not only cover the cost of borrowing but
also earn them some profit. One can also view this
as the result of MFIs not screening projects carefully
enough to produce the desired results. This implies
that attention to project selection must also be an
important component of programme design.
The programme has enabled participants to reduce
dependence on presumably higher-priced non-GBA
loans. In addition, it has increased the proportion of
those having savings accounts in the programme and
other MFIs. It has also increased the amounts saved
in those accounts. Together these imply better
consumption-smoothing capabilities. 
Another significant impact of the programme is
making programme clients busier and engaged in a
larger number of enterprises. This likewise resulted in
greater numbers of employed workers in these
enterprises. Given the thrust of the programme to
cater to micro-entrepreneurs, this result is hardly
surprising. 
Finally, the study also found no significant impact on
household assets or on human capital investments
such as health and education. It appears that the
slight impact on income and expenditures was not
sufficient to drastically change either accumulation
of household assets or human capital investments.
In summary, the microfinance programme has kept
programme clients economically active with more
enterprises and more employees. It has also
improved consumption-smoothing capabilities with
lesser dependence on presumably higher-priced non-
GBA loans and has increased savings in both
programme and non-programme MFIs. Nonetheless,
the impact on per capita income, total expenditures,
and food expenditures is only slightly significant but
with regressive features.
Considering the above, for microfinance to be an
effective poverty-alleviation tool there is a need to
review targeting procedures to know whether these
are correctly identifying the intended beneficiaries.
There is also a need to regularly assess the economic
status of clients to avoid drifting away from the focus
on poor and low-income households. This cannot be
emphasised enough, considering that MFIs may not
have sufficient motivation to seek out poor clients.
Finally, considering the regressive impact on income,
there is a need to assist the poor in improving the
selection of projects so that these do not only ensure
repayment of the loans but also generate ample
profit. Again, in project selection the concern of the
MFIs may be limited to just ensuring repayment and
not generating profits for their clients. 
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1 A barangay is a village, and is the smallest political
unit in the Philippines.
2 The identified factors are adopted from
Armendariz de Aghion and Morduch (2005).
3 This has also been rendered as Yij = F (β1*Xij + β2*Vj
+ β3Mij + β4*Mij*Tij + εij) where Tij=treatment
variable; 1 (or >0) for treatment areas (cf.
Armendariz de Aghion and Morduch, 2005).
4 The MFIs did not keep a record of eligible
households in the communities where they are
operating. Thus there is no way of knowing
whether the list of non-participating households
is comprehensive or not without going into a
listing operation. Household listing, however, was
not done due to resource limitations. This should
be considered as a limitation of the study.
5 This refers to savings (stocks) accounts held by the
respondent in the programme MFI or other MFIs
and is different from the savings (flow) variables
measured as the difference in income and
expenditures.
6 Originally attributed to Rosenbaum and Rubin
(1983), this concept is defined as conditional on
observable characteristics; the treatment and
outcome variables are independent. Practically, it
means that the treatment variable must not be
under the control of the respondent. 
7 Coleman (1999) prefers to use the highest
educational attainment achieved by any member
in the household.
8 The ideal wealth variable would be household
assets pre-dating the availability of the
programme. This was not available from the data
set because of recall problems. Coleman (1999),
for instance, used the value of assets acquired five
years ago.
9 Barangay variables could have been used, but the
study experienced significant refusals for the
Barangay Profile Survey (BPS) which would
significantly reduce the number of observations if
used. Eleven barangays did not accomplish the
BPS which would mean removal of about 220
household respondents if the barangay profile
data were used.
10 Other candidate variables would be barangay
characteristics. However, as mentioned earlier,
the study experienced a significant refusal
problem with this instrument. We are grateful to
D. Levine for pointing out that using treatment
variable (2) as the instrument for treatment
variables (3) and (4) will not be very different from
using treatment variable (2) directly. Since these
treatment variables did not turn out to be
significant in the estimation results they were not
used in subsequent discussions. 
11 The reference person is the person in the
household to whom all relationships with other
household members are referenced. This person is
commonly known as the household head. 
12 This is published in the National Statistics
Coordination Board website (www.nscb.gov.ph).
The national poverty threshold for rural areas is
estimated to be PhP13,659 while the food
threshold is PhP9,445 as of 7 March 2006. 
13 Defined as those below the food threshold.
14 One definition is income minus expenditures. The
second definition adds back expenditures on
education, health, and durable furniture because
these are not expected to be consumed in one
period (see for instance Bautista and Lamberte
1990).
15 This is estimated as a non-linear probit model so
the marginal effects on the probability of
contracting a non-GBA loan are presented. 
16 The respondents were asked about their savings
accounts both in the programme MFI and in
other MFIs.
17 Since this is a Poisson regression, incidence rate
(exp(coefficient)) is given. This is given in the
column labeled as IRR.  
18 This can also be estimated as an individual-based
decision model, i.e. attendance of each school-
age child is treated independently. This, however,
may not capture the idea that the attendance of
all school-age children in the household is jointly
decided on by parents.
19 Adopting the method used in Papke and
Wooldridge (1996).
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20 Estimates as of 7 March 2006 from the National
Statistics Coordination Board website. Available:
www.nscb.gov.ph.
21 We are grateful to D. Levine for pointing this out.
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